Understanding how ecological traits have changed over evolutionary time is a fundamental 33 question in biology. When closely-related organisms share similar environmental preferences, 34 "habitat filtering" is expected to determine how communities are assembled. Yet in practice, it is 35 challenging to assess the impact of habitat filtering, due to our inability to measure all relevant 36 abiotic variables and distinguish the impact of biotic versus abiotic factors. Here we explored the 37 co-occurrence patterns of freshwater cyanobacteria at the sub-genus level to investigate whether 38 closely-related taxa share similar niches, and to what extent these niches were defined by abiotic 39 or biotic variables. We used deep 16S rRNA gene amplicon sequencing and measured several 40 environmental parameters in water samples collected over time and space in Furnas Reservoir, 41
We address a fundamental question in ecology and evolution: how do niche preferences change 24 over evolutionary time? Using time-series analysis of 16S rRNA gene amplicon sequencing data, 25
we develop a new approach to highlight the importance of biotic factors in defining realized 26 niches, and show how niche preferences change "clock-like" within the genus Synechococcus. 27
Ours is also one of few studies on the ecology of freshwater Synechococcus, adding significantly 28 to our knowledge about this abundant and widespread lineage of Cyanobacteria. 29 30 Introduction
53
A bacterial community is a group of potentially interacting organisms that coexist at a particular 54 place and time (Magurran, 2003) . Environmental selective pressures are a strong force shaping 55 microbial community assembly (Martiny et al, 2015) . We know, for example, that certain abiotic 56 factors explain a large portion of the variation in microbial community composition (e.g. the 57 effect of pH on soil bacterial communities; Fierer and Jackson, 2006) . Therefore, associations 58 between microbial traits -generally defined as a phenotypic response to a specific environmental 59 condition -and abiotic niches could help explain community assembly rules (Green et al., 2008; 60 Burke et al., 2011). However, trait-based approaches to understand communities may be 61 challenging, as important abiotic variables may go unmeasured. Even less is known about biotic 62 interactions, despite their importance in determining community composition, diversity, and 63 dynamics (Needham et al., 2016) . 64 65 Abiotic factors are generally thought to determine an organism's fundamental niche (where it is 66 theoretically capable of living), whereas biotic factors determine its realized niche (where it 67 actually lives in nature; Hutchinson, 1957) . Species (or taxonomic) co-occurrence networks are 68 often used to infer niche similarity among organisms that tend to co-occur in nature over space 69 and time, and microbial co-occurrence networks can easily be constructed from 16S rRNA gene 70 amplicon sequencing surveys (Friedman and Alm, 2012; Röttjers and Faust, 2018; Tromas et al., 71 2018 ). However, co-occurrence can be driven by both abiotic and biotic factors, which are hard 72 to disentangle in practice (Kraft et al., 2015) . Regardless, organisms sharing a similar niche are 73 expected to be associated with similar surrounding communities (Cohan and Koeppel, 2008 ; 74 the tips of a phylogenetic tree, whereas other traits (such as salinity preference) are deeply 79 conserved (Martiny et al. 2015) . When closely related organisms share similar ecological 80 preferences, so-called "habitat filtering" or "environmental" filtering is expected to result in 81 phylogenetic clustering, meaning that a community tends to contain more closely related 82 organisms than expected by a random draw from the phylogeny (Webb et al., 2002; Horner-83 Devine & Bohannan, 2006; Martiny et al., 2015) . In contrast, if close relatives evolve different 84 traits to avoid competitive exclusion, this will result in phylogenetic overdispersion (i.e. a 85 community composed of more distant relatives than expected by chance). However, the relative 86 importance of these two processes in shaping microbial communities is still widely debated, and 87 difficult to distinguish (Koeppel and Wu, 2014; Cadotte and Tucker, 2017) . We have previously 88
shown that within the cyanobacterial genus Dolichospermum (Tromas et al., 2018) , the 89 relationships between phylogenetic distance and ecological similarity varies by trait, suggesting 90 that it might be necessary to analyze each niche dimension or trait separately (Martiny et al., 91 2015) . 92
93
In this study, we explored the co-occurrence patterns of freshwater cyanobacteria at the sub-94 genus level, to investigate if closely related taxa have more similar niches, and to what extent 95 these niches can be quantified by abiotic or biotic variables. We focused on Synechococcus, the 96 most abundant cyanobacterial genus in Furnas Reservoir (Brazil) at the time of sampling (2006-97 2008) . Synechococcus is among the most abundant organisms living in oceans and lakes 98 (Stockner et al. 2000; Scanlan, 2003 Synechococcus genus, along with the surrounding microbial community, and measured several 114 abiotic variables. We found that that closely-related Synechococcus tended to co-occur with one 115 another and also with similar surrounding microbial communities. Such phylogenetic clustering 116
indicates that overall realized niche similarity tends to evolve "clock-like" in the Synechococcus 117 lineage. However, closely-related Synechococcus did not have similar abiotic niche preferences 118 (with the exception of total phosphorus). These results suggest that biotic factors may be stronger 119 niche determinants than abiotic factors. Alternatively, cryptic abiotic drivers may determine niche 120 and community structure, but biotic factors provide the most informative measure of niche Grande and Rio Sapucaí), which divide the reservoir in two separated branches ( Figure S1 ). 130
Sampling stations S1, S4, S6, S9 are from a relatively pristine branch of the reservoir, whereas 131 S12, S14, S18 and S20 are impacted by human activities. Temperature profiles were measured in 132 the water column by aid of a multi-parameter probe (556 YSI, USA). Water samples were 133 collected from the euphotic zone (determined by Secchi disc depth) by a Van Dorn sampler. 134
Samples were stored in bottles that had been acid-washed and rinsed with deionized water. A 135 portion of each water sample was immediately filtered through glass fiber filters (Whatmann 136 GF/F, 0.7 µm pore size). The exact filtered volumes were recorded and filters were kept frozen 137 until further analyses (chlorophyll, DNA and microcystin). For dissolved nutrient analyses, 200 138 mL of filtered water samples were stored at −20 °C. For total phosphorus, samples were frozen 139 with no previous filtration. Nutrient analyses were performed using spectrophotometric methods 140 according to APHA (2005) . All nutrient analyses (Nitrate, Nitrite and total phosphorus (TP) were 141 performed on three replicates. For phytoplankton analyses, samples were Lugol-preserved for 142 subsequent cyanobacteria identification and quantification. 143
144

DNA extraction, purification and sequencing 145
DNA was extracted from frozen filters according to Kurmayer et al. (2003) , with few 146 modifications. Briefly, filters were treated with a sucrose buffer (25% w/v sucrose, 50 Mm Tris-147
HCl, 100 Mm EDTA, pH 8) on ice for 2 h and with addition of lysozyme (5mg/mL, 1h, 37°C). 148
Proteinase K (100 µg/mL) in sodium dodecyl sulfate (2% v/v) was added and filters were 149 incubated overnight at 55°C. A phenol:chloroform:isoamyl alcohol solution (25:24:1, v/v) was 150 used for protein precipitation and DNA isolation. The DNA was cleaned in 100% ethanol and 151 pellets rinsed with 70% ethanol. The DNA was resuspended in TE (10 mM Tris-HCl, pH 8, and 152 1 mM EDTA). The DNA extract was quantified by a spectrophotometer, at 260 nm and 280 nm, 153 and its quality checked in 1% (w/v) agarose gel, stained with ethidium bromide. 154 155
Sequence analysis 156
We followed the same protocol described in Tromas et al., (2017) to generate a library of 157 V4 region amplicons. We performed one sequencing run using MiSeq reagent Kit V2 (Illumina,  158 San Diego, CA, USA) on a MiSeq instrument (Illumina). A total of 4,476,747 sequences of the 159 16S rRNA gene V4 region were obtained from 90 lake samples, two negative controls, and two 160 mock community samples. We obtained a median of 37,682 sequences per sample. Using a 161 To test how Synechococcus niche similarity varied with genetic distance, we examined the 221 relationship between the co-response of Synechococcus taxa to environmental parameters and 222 their genetic distance (i.e., plotting the correlation coefficient of the LVM co-responses vs. 223 genetic distances) (R_script1). However, given the large number of environmental factors driving 224 phytoplankton community dynamics (Hutchinson, 1961) , we expected some degree of co- 
Co-occurrence with biotic factors 241
A caveat of the above LVM-quantile regressions is that although it identifies whether 242 some relationships are limited by unmeasured abiotic and/or biotic factors, it could not tease apart 243 the relative importance of each type of factor (everything is instead lumped as an unknown). In 244 order to determine the relative contribution of biotic processes, we thus quantified node co-245 occurrence patterns among Synechococcus and the remaining community. In particular, we 246 explored the relationship between Synechococcus nodes and the surrounding community by 247 measuring: (1) co-occurrences between Synechococcus and other taxa, and (2) paired differences 248 in co-occurrence among Synechococcus nodes and a specific taxon. For the former, we calculated 249 co-occurrences among taxa using SparCC (Friedman and Alm, 2012) , including 20 iterations to 250 estimate the median correlation of each pair of MED nodes, 500 bootstraps to assess the 251 statistical significance and centered log ratio (CLR) transform to correct for compositionality. 252
Correlations were then filtered using a false discovery rate threshold (Q < 0.05). For the latter, we 253 further calculated the absolute difference of Sparcc correlation (r) between a Synechococcus node 254 (X i ) and a specific taxon T, such that |Δr| = | Corr(X 1 , T) -Corr(X 2 , T) | where Corr is defined 255 here as the SparCC correlation between X i and T. 256
For each non-Synechococcus taxon, we then estimated the relationship between |Δr| and 257 the distance between the given Synechococcus nodes (X 1 and X 2 ). A positive correlation would 258 indicate that closely related Synechococcus nodes have a lower |Δr| than more distant nodes, i.e. 259 closely related nodes would have more similar correlations with potentially interacting 260 community members. To reduce potential bias or noise due to a small sample size of 261
Synechococcus pairs, we selected all non-Synechococcus nodes that were significantly co-262 occurrent with at least seven different Synechococcus. This cutoff was chosen to ensure at least 263
unique pairs of Synechococcus for each non-Synechococcus taxon. A total of 373 non-264
Synechococcus taxa were selected using this cutoff, and the correlation between |Δr| and genetic 265 distance was non-significant (Spearman correlation, P<0.05) for 120 of them. Finally, we 266 performed a permutation test to quantify any bias in the method due to data structure. For each of 267 the significant non-Synechococcus taxa, we estimated the rate of false positive correlations by 268 sampling values of Synechococcus genetic distance with replacement, while randomizing the 269 association between genetic distance and |Δr|. We performed 1000 permutations for each 270 significant non-Synechococcus taxon using the script R_script2. We then recorded the proportion 271 (p) of permutations yielding a larger correlation than observed, after adding a pseudocount of 1 to 272 both the numerator (the number of permutations yielding a larger correlation than observed) and 273 the denominator (the total number of permutations). 274 275
Phylogenetic analysis 276 277
We first verified that Synechococcus group was monophyletic by building a phylogenetic 
Abiotic factors shape genetic variation within Synechococcus 297
Furnas Reservoir is divided into two branches: one, which is heavily human-impacted ( Figure S1,  298 sampling stations 12-20) and the other, less impacted (stations 1-9). Synechococcus dominated 299 the bacterial community in both branches during the sampling period (2006-2008) ( Figure S2 ) 300 and formed a monophyletic group (Figure S3, S4 ). We first asked whether particular 301
Synechococcus strains (which we used interchangeably with MED nodes) were associated with 302 different branches of the reservoir, different time periods, or different abiotic factors. We applied 303 a multivariate regression tree analysis (Breiman et al. 1984; De'ath 2002) to test whether the 304 composition of Synechococcus strains changed over time and space. We found that the year and 305 month of sampling did not explain much variance (R 2 =0.02 and R 2 =0.03, respectively), nor did 306 the station (R 2 =0.06) or branch of the reservoir (R 2 =0.02). In contrast, Chl a, Nitrite, TP, Depth, 307 TC, PTC, and water temperature all explained a significant proportion of the variance ( Figure S5 ; 308 40% of variance explained), and depth, temperature and nitrite alone explained most of the 309 variability ( Figure S6 ; 16% unique, and an additional 6% co-explained with Chl a). 310 311
Closely related Synechoccus do not share similar preferences for measured abiotic niches 312
Having established that abiotic factors, but not temporal or spatial variation, explain a significant 313 amount of variation in the relative abundances of Synechococcus strains, we asked whether 314 closely related strains tended to share similar abiotic niches. Here we defined abiotic niche 315 similarity by estimating the co-responses of pairs of Synechococcus strains to each abiotic factor 316 using LVM-quantile regression (Methods). For most abiotic factors, we did not observe any 317 significant relationship between co-responses and genetic distance, with the exception of total 318 phosphorus for which the relationship was negative (Figure 1, S7) . Similarly, the degree of 319 abiotic niche separation (i.e. significant negative correlations between the fitted response of any 320 two Synechococcus to an abiotic factor) was largely independent of genetic distance ( Figure S8 , 321 To take into account the correlation between nodes that may be attributable to biotic processes or 331 missing environmental covariates, we used the latent variables of the global LVM to examine 332 Bivariate correlation of fitted response how the correlation among node residuals varied with genetic distance. For the positive 333 correlations (Figure 2A, B) , the correlation coefficients tended to decrease with genetic distance. 334
This result suggests a negative relationship between the residuals (i.e. unmeasured abiotic 335 variables and/or biotic processes) and phylogenetic distance. For the negative residual 336 correlations ( Figure 2C, D) , there were no apparent relationships with the genetic distance. 337
Therefore, there remain significant co-responses that were not explained by the abiotic factors 338 measured in this study. Overall, most of the measured abiotic environmental variables were not 339 related to Synechococcus genetic distance. However, preferences for unmeasured biotic or abiotic 340 factors do tend to change with genetic distance, such that more closely-related Synechococcus 341 have similar realized niche preferences. The observed tendency for closely-related Synechococcus to share similar realized niches ( Figure  356 2A) could be explained by shared preferences for either unmeasured abiotic factors or biotic 357
interactions. We used co-occurrence network analysis to determine the role of biotic interactions. 358
First, we asked if closely related Synechococcus tend to co-occur across samples. We observed a 359 negative relationship between node co-occurrence and pairwise genetic distance (Figure 3 Finally, we selected the non-Synechococcus taxa with the highest correlation scores between |Δr| 398
and Synechococcus distance genetic. Five taxa had correlation estimates higher than 0.6, 399
including three Proteobacteria, one Verrucomicrobia, and one Planctomycetes (Table S1) . 400
Previous studies have shown that members of the Comamonadaceae family and Spirobacillales 401 order (members of Proteobacteria; In this study, we investigated Synechococcus niche preferences at relatively fine (sub-412 genus) taxonomic resolution using a 16S gene sequence variants approach previously used to 413 study other bacterial lineages (Koeppel and Wu, 2014; Tromas et al., 2018) . We found that 414 abiotic factors, such as reservoir depth and nitrite concentration, greatly affected the relative 415 abundance of Synechococcus strains (Figure S5, S6) . However, the measured abiotic factors were 416 not related to genetic distance, indicating that these traits are probably loosely conserved and may 417 evolve on shorter time scales, being thus consistent with phylogenetic overdispersion. An 418 exception was total phosphorus preference, an abiotic niche dimension that was correlated with 419 genetic distance, consistent with phylogenetic clustering. Phosphorus use may therefore evolve 420 '"clock-like" along the Synechococcus phylogeny. This contrasts with the idea that organic 421 phosphate niches are fast-evolving and relatively uncorrelated with phylogeny, perhaps due to 422 horizontal transfer of relevant genes (Coleman & Chisholm 2010; Martiny et al., 2015) . 423
Therefore, how phosphorus-related traits evolve along phylogenies likely depend on the lineage 424 considered (e.g. Synechococcus vs. Prochlorococcus or Pelagibacter) and evolutionary time 425 scales. We note that only 77 of the 780 Synechococcus strain pairs showed a significant co-426 response to phosphorus (Figure 1) , indicating that the effect is driven by a small number of 427 closely-related strains with similar co-responses, and cannot be generalized to all Synechococcus. 428
This result might be explained if Synechococcus represents a polyphyletic group (Coutinho et al., 429 2016) , composed of different clades with different phosphorus niches. However, in our sample, 430
Synechococcus is monophyletic ( Figure S3 , S4), excluding this explanation. Overall, our results 431 demonstrate how abiotic factors can shape community composition within a genus, but measured 432 abiotic niches generally do not evolve along the genus-level phylogeny. 433
434
Habitat filtering was originally defined to describe how abiotic factors select for genetically 435 similar (closely related) organisms (Cadotte and Tucker 2017 ). Yet in practice, it is difficult to 436 disentangle the contributions of biotic and abiotic factors, and thus to satisfactorily define habitat 437 filtering (Kraft et al., 2015) . In this study, we therefore estimated the influence of both 438 unmeasured abiotic variables and biotic factors, and found a negative association with genetic 439 distance ( Figure 2 ). This suggests that closely related Synechococcus tend to share similar 440 realized niches. As a result, closely related Synechococcus tend to co-occur (Figure 3 ), as 441 observed in studies using genomic (rather than 16S) similarity (Kamneva, 2017) . This result is 442 consistent with habitat filtering, broadly defined to include both biotic and abiotic factors. 443
444
We suggest that biotic niches are the major drivers of habitat filtering and the prime determinants 445 of realized niches in Synechococcus. This is because closely-related Synechococcus tend to co-446 occur with more similar surrounding communities (Figure 4 ), whereas they do not tend to share 447 abiotic niche preferences (Figure 1 ). Of course, it is possible that unmeasured abiotic factors are 448 driving the observed biotic effects. However, we measured abiotic factors such as temperature 449
and nutrients, which are important in structuring microbial communities, and none of these 450 factors are sufficient to account for realized niches or their distribution across the Synechococcus 451 phylogeny. Thus, as previously suggested (Cohan and Koeppel, 2008) , biotic factors (quantified 452 here with 16S amplicon sequencing) provide more information about niches than abiotic factors, 453
which are difficult to measure comprehensively. For example, the presence of certain taxa could 454 indicate the importance of an unmeasured abiotic factor (e.g Acidophiles or Alkaliphiles as 455 indicators of pH). In this case, considering biotic factors allowed us to uncover a signal of habitat 456 filtering within Synechococcus that would have been obscured by only considering commonly 457 measured abiotic factors. 458 459
